Damage detection and localization in large-scale systems requires the detection of local faults over a typically very large geometry. This can be done through the deployment of twodimensional sensor arrays capable of discreetly monitoring local changes over a structure's global area. The authors have previously developed a soft-elastomeric capacitor (SEC) thin film sensor capable of measuring the additive strain components over a surface along its two principal directions. For applications to structural health monitoring, it is useful to decompose the signal into strain components along these principal directions. When deployed in a dense sensor network configuration, the principal strain components can be extracted from the measured additive strain using a previously developed algorithm that used assumptions on the boundary conditions. The introduction of mature off-the-shelf solutions, for the purpose of boundary condition updating, has been shown to significantly improve the algorithm's accuracy. The newly created hybrid dense sensor network (HDSN), consisting of SECs and resistive strain gauges, is capable of producing orthogonal strain maps over the structure's surface. Previous studies were conducted using static loads. Here, the authors report on the capability of the HDSN-based technique to reconstruct dynamic strain maps for a component exposed to dynamic loads. Results demonstrate that the hybrid dense sensor network can efficiently reconstruct dynamic in-plane strain maps. These dynamic strain maps can then be used for the reconstruction of dynamic deflection shapes or, in combination with other damage detection algorithms, to detect, localize and quantify damage.
INTRODUCTION
Cost effective monitoring solutions for mesoscale structures, such as transportation infrastructures and energy systems, need to be capable of monitoring the structure's global (e.g., loss in stiffness) and local (e.g., crack propagation) conditions. However, distinguishing between localized and global faults on a mesoscale system using state-of-the-art sensing technologies is difficult [1] . A solution to this global/local condition monitoring problem is the deployment of dense sensor networks (DSNs) that are capable of economically covering the structure's global surface. For example, a DSN of strain gauges can provide valuable information regarding deformation and stress distribution and can be used for the structural health monitoring of civil structures where damage is a localized phenomenon [2] .
Various strain transducers have been adopted for monitoring of civil infrastructures, including resistive strain gauges (RSG), vibrating wire gauges, and fiber Bragg grating sensors. A limiting factor of these off-the-shelf sensors is their lack of scalability for measuring strain of a large surface. An advancement in strain sensing technologies has been proposed in the form of sensing skins [3, 4] . Deployed in an array over large areas, sensing skins offer many potential advantages over conventional point-based strain sensors. Examples of experimentally validated sensing skins include: a carbon nanotube (CNT) based strain sensors in the form of bucky paper [5] ; a carbon nanotube-polymer composite patterned onto a flexible polyimide substrate with fully integrated data acquisition [6] and a strain sensing sheet constructed as a large area electronic from resistive strain gauges for crack detection and localization [7] .
Within the scope of sensing skins, the authors have previously developed a capacitancebased sensor, termed soft elastomeric capacitor (SEC) [4] suitable for use in the monitoring of mesoscale systems. The SEC is a large area electronic that measures the additive in-plane strain of a substrate to which it is attached. Prior results have demonstrated the effectiveness of SECs for detecting fatigue cracks [8] and when deployed in a network for monitoring a structure's global condition [9] . To fully enable the applications of SECs for condition assessment of mesoscale structures, an algorithm to decompose the SEC's additive strain into uni-directional strain components, through leveraging a network of SECs, has been developed. Termed the extended least squares estimator (LSE) algorithm, it functions based on the introduction of resistive strain gauges (RSGs) into a network of SECs to enforce the boundary conditions within the DSN. The new sensor network consisting of SECs and RSGs is termed hybrid dense network (HDSN) [10] . This work seeks to expand on previous work by demonstrating that an HDSN consisting of SECs and RSGs is capable of efficiently reconstructing dynamic in-plane strain maps. This work expands the use of the previously proposed HDSN into dynamic excitations and demonstrates that the decomposed uni-directional in-plane strain maps can be used for reconstructing the deflection shapes.
BACKGROUND Soft Elastomeric Capacitor
The SEC is a large area capacitor that transduces a change in geometry (i.e., strain) into a measurable change in capacitance. The sensor's capability to function as a large area electronic for structural health monitoring has been well documented and is reviewed here for brevity. Its fabrication processes [4] and sensor characterization for static and dynamic [11] characterization have been previously reported.
The SEC measures the additive in-plane strain (x − y plane in Figure 1 (a)) of a monitored substrate. The sensor is pre-stretched during its installation to enable the measurement of tension and compression. Assuming a low sampling rate (< 1 kHz), the SEC is modeled as a non-lossy capacitor where capacitance (C) is given by the equation for a parallel plate capacitor C = e 0 e r A h where e 0 = 8.854 pF/m is the vacuum permittivity, e r is the polymer relative permittivity. The area of the plate, is given by A = d · l, is the sensor area of width d and length l, and h is the thickness of the dielectric, as annotated in Figure 1 (a). Assuming that the monitored substrate experiences only small, in-plane strains, an expression relating the sensor's change to is capacitance is expressed as
where λ represents the gauge factor with λ ≈ 2 [11] . Equation (1) shows that the signal of the SEC varies as a function of the additive strain ε x + ε y .
Strain Decomposition Algorithm
An algorithm was designed to decompose the SEC signal (Equation (1)) into unidirectional strain components by leveraging an HDSN configuration of SECs and resistive strain gauges (RSG). The algorithm requires the knowledge of boundary conditions that can be either assumed, enforced through the measurement of strain at key locations, or a combination of both [10] . The algorithm uses measured point strain at key locations using off-the-shelf strain sensors, and is termed extended LSE algorithm. It is diagrammed in Figure 1 The extended LSE algorithm works through assuming a polynomial displacement shape function w along the x-y plane such that w (x, y) = p i=1,j=1 b ij x i y j , for a pth order polynomial. Here b i,j are regression coefficients that will be solved using an LSE estimator. Considering an HDSN that includes both SECs and RSGs, the unidirectional strain at the location of each sensor node can be calculated through the enforcement of Kirchhoff's plate theory
where c is the thickness of the plate, H is the sensor placement matrix with H = [Γ x H x |Γ y H y ] where H x and H y account for the SEC's additive strain measurements, Γ x and Γ y are diagonal weight matrices holding the scalar sensor weight values γ x,k and γ y,k . For instance, corresponding rows in γ x,k and γ y,k would contain 1 and 1 for a bidirectional SEC, 1 and 0 for an RSG measuring ε x , and 0 and 1 for an RSG measuring ε y . An estimate for matrix B, where B = [B x |B y ], containing the regression coefficients b i,j can be estimated using an LSE:
where the hat denotes an estimation. Thereafter, the estimated strain maps can be reconstructed withÊ x = Γ x H xBx andÊ y = Γ y H yBy whereÊ x andÊ y are vectors containing the estimated strain at each sensor node in the x and y directions.
METHODOLOGY
An HDSN consisting of 40 SECs and 8 RSGs was deployed onto the surface of an aluminum plate of geometry 500 × 900 × 1.3 mm 3 , as shown in Figure 2 (a). In total, 40 RSGs were deployed onto the plate used for validation, with 8 of these used in the HDSN as shown in Figure 2(b) . The left-hand side of the plate is attached to a rigid support (12.7 × 76.2 × 500 mm 3 ) with bolts that form a pinned connection. The right-hand side of the plate is restrained in the vertical direction through the use of two greased rods (12.7 mm) mounted between aluminum frames to form a roller connection. Each SEC covers 38 × 38 mm 2 and they are deployed in a 5 × 8 grid array. The point node used in constructing the H matrix is taken at the center of each SEC. RSGs used in the experimental setup are foil-type strain gauges with a gauge length of 6 mm and are manufactured by Tokyo Sokki Kenkyujo, model FLA-6-23-3LJBT. They are dual channel gauges, with each channel individually measuring ε x and ε y . SEC and RSG data are sampled simultaneously at 22 Samples per second using a custom-built data acquisition system.
In this work, a single 20-second test was used for the analysis of the HDSN's capability to reconstruct dynamic in-plane strain maps. A stepper motor, mounted under the HDSN test bench, was used to apply a 15 mm sinusoidal displacement at a rate of 0.25 Hz. No filtering or post processing was applied to the SEC or RSG data. A 6th order polynomial displacement function w was used in decomposing the uni-directional strain maps. The placement of RSGs within the HDSN for the purpose of enforcing boundary conditions has been shown to greatly affect the capability of the extended LSE algorithm to accuracy reproduce a structure's strain fields [10] . To reduce the error present in the reconstructed strain shape, a genetic algorithm with a learning gene pool was developed for selecting RSGs within a grid of SECs. This algorithm was previously developed by the authors and is implemented here [12] . Figure 2(b) denotes the 8 RSGs used in the HDSN, as selected by the genetic algorithm after a 250 generation investigation, using the data from the 20-second test. In all, 1 RSGs measuring ε x and 7 RSG ε y measuring were selected. Additionally, 5 pre-selected virtual RSGs were placed along the edge of the plate next to the reinforcement bar where boundary conditions can be assumed with a high level of certainty.
RESULTS AND DISCUSSIONS
The capability of the HDSN and extended LSE-based algorithm to reproduce the dynamic in-plane strain maps of the test bench is investigated with results shown in Figure 3 . Figure 3(a)-(b) show the uni-directional strain field decomposed from the sensor data at the first positive peak of displacement, approximately 3 seconds into the test. These results show that the HDSN is capable of decomposing the SEC's additive strain into uni-directional strain maps over the plate's monitored area. The white area outside the HDSN was intentionally left blank as the interpolation of strain fields outside the HDSN was deemed inappropriate in this context. Figure 3(c) reports the mean absolute strain, as obtained through comparing the RSG data to the reconstructed strain map. As expected, ε x experiences a greater absolute error than ε y due to the higher strain levels in the x direction as denoted in Figure 2 in the x direction equates to 9.78 % error while the error in the y direction is 41.0 % error. The higher percent error in the y direction is a function of the overall lower strain values present in the decomposed y strain map. The level of error present in the system could be reduced by increasing the number of RSGs in the system. However, this would add complexity to the system and increase the cost associated with an HDSN. Lastly, the strain maps reconstructed from the HDSN are used to calculate the vertical displacement at the loading connection (denoted in Figure 2(a) ). The HDSN's calculated displacement is shown in Figure 4 in the form of a dashed blue line and is compared to the theoretical input displacement. The calculated displacement was achieved through applying two assumed boundary conditions and integrating the strain component of equation twice to obtain a displacement function. The assumed boundary conditions used for this validation were the slope of the plate at the loading connection taken equal to zero and the displacement of the plate at the right-hand side fixity taken equal to zero. Additionally, the absolute error between the input and calculated error is presented as a short-dashed red line. These results demonstrate that the HDSN can accurately reproduce the displacement of the plate. DEVROXWHHUURUPP HUURU LQSXWGLVSODFHPHQW +'61FDOFXODWHGGLVSODFHPHQW GLVSODFHPHQWPP 
CONCLUSION
This paper presents the experimental validation of a novel hybrid dense sensor network (HDSN) for monitoring dynamic strain maps on a specially designed experimental test bench. The HDSN counted of 40 large area electronic sensors consisting of soft elastomeric capacitors (SECs), eight resistive strain gauges (RSGs), and assumed boundary condition along the rigid support. An algorithm based on a least squares estimator was used to fuse the SEC's additive strain measurements, the RSG's linear strain measurements, and the assumed boundary conditions into unidirectional strain maps for each time stamp of a 20-second test under a sinusoidal loading condition.
Experimental results demonstrated the capability of the HDSN to reconstruct the dynamic strain maps of the test plate with relatively low levels of error. Using the reconstructed strain maps and assumed boundary conditions, time-series deflection data was obtained and demonstrated that the HDSN can accuracy reproduce the plate's displacement. The HDSN technology shows promise for the structural health monitoring of very large structural components.
